In this paper two models are presented based on Data-Driven Modeling (DDM) techniques (Artificial Neural Network and neuro-fuzzy systems) for more comprehensive and more accurate prediction of the pipe failure rate and an improved assessment of the reliability of pipes.
INTRODUCTION
The main task of water distribution networks is to supply water to consumers (domestic, commercial and industrial) in the required quantity, quality and pressure. Reliability indicators are used to evaluate the efficiency of water distribution networks in providing water with standard quality, sufficient quantity and within the appropriate pressure range to consumers under different operational (normal and abnormal) conditions such as component failure and hydraulic changes (Farmani et al. 2005) .
Reliability of water distribution networks relates to two types of failure, mechanical failure of system components and hydraulic failure caused by changes in demand and pressure head (Tabesh 1998 age (Shamir & Howard 1979) , age and diameter (Kettler & Goulter 1985; Giustolisi et al. 2006) , diameter (Kettler & Goulter 1983; Su et al. 1987; Goulter & Kazemi 1988 , 1989 Mays 1989; Cullinane et al. 1992; Goulter et al. 1993; Tabesh & Abedini 2005) , climatic conditions (Harada 1988; Sacluti 1999; Welter 2001; Ahn et al. 2005 (Su et al. 1987; Fujiwara & Tung 1991; Cullinane et al. 1992; Khomsi et al. 1996) . All these formulae involve pipe failure rate but, as will be seen in this paper, they produce different results.
The main objective of this paper is to investigate the potential of neural networks and neuro-fuzzy systems to predict pipe failure rates using a range of measurable parameters of the system such as pipe age, diameter, depth, length and pressure. A multivariate regression model is also constructed with these parameters. To evaluate different mechanical reliability relationships the outputs of three above-mentioned models for pipe failure prediction are incorporated in a number of commonly used mechanical reliability relationships and the results are compared. The outcomes are used to classify the available reliability measures and propose a criterion to use these indices more appropriately.
PIPE FAILURE INDICATORS
Pipe breaks are a type of mechanical failure of the system and are considered as one of the significant factors contributing to water losses. Pipe failure imposes huge direct and indirect economic losses and requires human capital for the restoration and repair of the networks (Dandy & Engelhardt 2001) . Failure rate (the number accidents per year and per pipe length unit) can be used as a performance indicator (Tabesh & Abedini 2005) .
Various researchers have carried out investigations into the analysis of mechanical failure and prediction of pipe failure rate based on a limited number of parameters involved. These approaches usually result in a set of formulae derived using statistical methods or regression models (Lei & Saegrov 1998) . This has led to considerable differences between the results of these models. 
PIPE AVAILABILITY INDICATORS
According to research carried out so far, the mechanical reliability factor in a water network represents the availability parameter (A l ) of the component l in the network (including pipes). Some of the conventional methods are described below. et al. (1987) proposed the following relation for calculating the pipe availability in the water distribution network based on Poisson's probability distribution:
Su
where b 1 is the number of pipe failures per unit of time that is obtained as b l ¼ L l * l and L 1 is the length of pipe l in miles.
Fujiwara & Tung (1991) presented the following relationship for calculating pipe availability in the water distribution network:
in which a 1 ¼ number of expected repairs for the lth pipe per unit of time. The value of a l is obtained by dividing the number of annual breaks in pipes of special material by the number of days in a year (365).
Finally they proposed the following relationship for pipe reliability:
where L l and D l are in (km) and (mm), respectively, and day is used as the unit of time.
Following the definition of Ang & Tang (1984) , the probability (A l ) of the operational state of link (pipe) l can be represented as
in which MTBF ¼ mean time between failures (duration of connectivity) and MTTR ¼ mean time to repair, i.e.
duration of disconnection and repair.
Using the datasets of Mays (1989) and Walski & Pelliccia (1982) , the following relationship for pipe availability was obtained by Cullinane et al. (1992) :
where D 1 is the diameter of pipe in inches. Since the pipe failure rate is not directly incorporated into this formula it cannot demonstrate variations of availability with pipe break rate. Khomsi et al. (1996) presented the following relation for calculating the pipe availability in the water distribution network:
where L 1 is the length of the pipe (in km).
APPLICATION OF DATA-DRIVEN TECHNIQUES IN PIPE FAILURE ANALYSIS
The purpose of analyzing accidents and breaks is to find the relationship between relevant indices and characteristics of the pipes and to use this relationship to compute mechanical reliability. In order to carry out a comprehensive analysis, information such as material, diameter, length, age, installation depth of pipes and operation conditions (e.g.
hydraulic pressure) should be collected and stored in a database.
Artificial neural network model
Artificial neural networks (ANNs) are essentially parametric regression estimators and are well suited for the purpose of this research, as they can approximate virtually any (measurable) function up to any arbitrary degree of accuracy (Hornik et al. 1989) . Neural networks are dynamic systems which have the ability to capture the relationship between input and output parameters of a system by learning from experimental data.
They learn general rules based on the numerical data. In this research, a backpropagation artificial neural network with a multilayer perceptron structure is used.
Adaptive Neuro-Fuzzy Inference Systems (ANFIS) model
A neuro-fuzzy system is a combination of the logical functions of fuzzy systems and neural networks. Neurofuzzy systems have the potential to combine the benefits of these two fields, i.e. their hybrid training methodology, in a single framework (Abdel-Hamid et al. 2007) . This method eliminates the basic problem in fuzzy system design (obtaining a set of fuzzy if-then rules) by effectively using the learning capability of an ANN for automatic fuzzy if-then rule generation and parameter optimization. Different structures have been proposed for implementing a fuzzy system by neural networks. One of the most powerful structures developed by Jang & Guley (1996) is a neurofuzzy network system known as ANFIS. The basic idea behind these neuro-adaptive learning techniques is very simple. These techniques provide a method for the fuzzy modeling procedure to learn information about a dataset, in order to compute the membership function parameters that best allow the associated fuzzy inference system to track the given input/output data. This learning method works similarly to that of neural networks (Jang & Guley 1996) .
One of the main applications of ANFIS is its use in modeling and control of complicated systems. In general, any phenomenon which allows for recording of a set of behavioral observations can be modeled by this method.
The very important characteristic of this type of system is that they do not need any mathematical formula or model for design. Therefore, they seem to be useful and appropriate for the design of systems whose functions cannot be expressed explicitly in the form of mathematical models. In order to develop a fuzzy model the number of membership functions, inputs and outputs, values of condition parameters and result parameters should be specified first.
Models developed in this research were coded in MATLAB (Ver. 7.04). The developed ANN and ANFIS models take as input five parameters including pipe diameter, length, age, depth of installation and hydraulic pressure. The output of the models is the pipe failure rate.
Assessment of the quality of data-driven models is one of the major procedures in this type of modeling, as many models might be generated and trained. The assessment of a model is meant to show to what level the model is capable of providing an acceptable response to the new inputs in regard to the training it has received. The root of mean squared error (RMSE) and the index of agreement (IOA) are used as assessment criteria of the constructed datadriven models in this paper:
IOA ¼ 1 2 P n i¼1 jy prediction;i 2y actual;i j 2 h i P n i¼1 ðjy prediction;i 2 y avarege;i jþjy actual;i 2y avarege;i jÞ
where y actual is the actual (observed) data, y prediction is the predicted data, y average is the average of data and n is the number of observations (Demuth & Beale 2002) .
CASE STUDY
To evaluate the proposed methodology a part of a water distribution network of a city in Iran is considered as the study area (see Figure 1) . 
Modeling of pipe failure rate

Artificial neural network model
In this research, a number of neural network structures were prepared and tested by varying the number of layers, neurons, activation functions and epochs (500 -10,000). (9) and (10) where n is a real number, but y is bounded between 2 1 and 1 (for tansig) and 2 1 and þ1 (for pureline). Finally, the failure rate equation of asbestos cement pipes for the study area is obtained from the following relationship based on the pipe diameter, age, length, depth of installation and hydraulic pressure:
With substitution of the test parameters the formula below is obtained:
Ag l = Ag max 2 6 6 6 6 6 6 6 6 6 4 3 7 7 7 7 7 7 7 7 7 5 Table 2 .
Neuro-fuzzy model
In this study, in order to choose the appropriate neuro- & Guley (1996) .
As this table shows, the gaussmf membership function provides the best result with most error indicators. In further stages of the work, this model was subjected to test and verification for the accuracy of its application and efficiency.
The outcomes of all three stages are presented in Figure 6 .
Comparison between the observed and simulated values in all three stages of training, testing and verification of the network indicates the appropriateness of the selected model for the concerned study area. As can be seen, the predicted results are very close to the observed data, which indicates the proper training and capability of the network.
The results of application of the ANFIS model in predicting Table 4 .
It is seen that the following trends can be identified with variations of different parameters. Pipe break rates are increased when pipe diameter and depth are decreased and pressure, length and age are increased. It is observed that the Su et al. (1987) formula, which only considers the effect of pipe diameter, is not sensitive to variation of the other parameters. Therefore, the existing formulations for pipe break rates, which consider very few parameters such as diameters and/or age or length, are not able to predict the break rate properly. These results highlight the necessity of consideration of as many parameters as possible. 
Mechanical reliability (availability) results
In this part of the research, the conventional relations for calculating mechanical reliability (availability) such as
Poisson (Su et al. 1987 , Equation (3)), Fujiwara & Tung (1991) (Equation (4)) and Khomsi et al. (1996) (Equation (8)) were selected and the failure rate parameter in these equations was substituted by the pipe failure models developed in this work (i.e. ANN, ANFIS and NLR) and also the Su et al. (1987) formulation (Equation (2)) and results were compared.
Poisson exponential distribution function (Su et al. 1987) Based on the Poisson exponential distribution function (Su et al. 1987) (1996) formula the availability of the pipes in the water distribution network was calculated and the results are shown in Figure 9 . Again the same conclusions as Figure 8 can be obtained.
Fujiwara & Tung formula (1991)
Considering the failure rate function of Fujiwara & Tung (1991) as the base and using the value of a l ¼ 0.923 from the field data, the following relationship is obtained for availability:
Using the above formula and incorporating the relations and models developed for predicting pipe failure rate, the availability values of pipes are presented in Figure 10 . Again the same conclusions as for the two previous figures can be drawn.
Finally, the presented methods are compared in order to study the differences of the three availability formulae of
Poisson (Su et al. 1987) , Fujiwara & Tung (1991) (Su et al. 1987) and Fujiwara & Tung (1991) 
CONCLUSIONS
The mechanical failure of pipes in the water distribution network has been studied by numerous statistical models in the past. However, each of these models includes only a small number of contributing parameters. In this paper a new modeling approach is introduced to predict pipe failure rates and mechanical reliability of pipes using data-driven models. The pipe failure data have been collected from a real water distribution network. During the study several parameters which affect the failure rate were collected in the field. These include pipe diameter, length, age, depth and average hydraulic pressure. Then the pipe failure rates were obtained by three different methods. The results indicate that, in the prediction of pipe failure rates by the ANN and ANFIS models, the trend of variations in the observed data and in the simulated data has shown a reasonable behavior and they are able to predict failure rates with a high accuracy. Based on sensitivity analysis it was found that sensitivity of the ANN model is higher to variations of pipe diameter, pressure and age in comparison with pipe length and depth.
To evaluate different available relationships proposed for pipe availability calculations, the conventional availability relations of Poisson (Su et al. 1987) , Fujiwara & Tung (1991) and Khomsi et al. (1996) were selected and combined with the relations and models developed in this research for predicting failure rate of pipes and the results were compared with each other as well as with the method of 
